Species Distributions, Quantum Theory, and the Enhancement of Biodiversity Measures by Real, Raimundo et al.
[10:46 3/10/2016 Sysbio-syw072.tex] Page: 1 1–10
Points of View
Syst. Biol. 0(0):1–10, 2016
© The Author(s) 2016. Published by Oxford University Press, on behalf of the Society of Systematic Biologists. All rights reserved.
For Permissions, please email: journals.permissions@oup.com
DOI:10.1093/sysbio/syw072
Species Distributions, Quantum Theory, and the Enhancement of Biodiversity Measures
RAIMUNDO REAL1,∗, A. MÁRCIA BARBOSA2, AND JOSEPH W. BULL3
1Biogeography, Diversity and Conservation Lab, Departamento de Biología Animal, Facultad de Ciencias, Universidad de Málaga, 29071 Málaga, Spain;
2CIBIO/InBIO—University of Évora, 7004-516 Évora, Portugal; and 3Department of Food and Resource Economics and Center for Macroecology, Evolution
and Climate, University of Copenhagen, Rolighedsvej 23, 1958 Copenhagen, Denmark;
∗Correspondence to be sent to: Biogeography, Diversity and Conservation Lab, Department of Animal Biology, Faculty of Sciences,
Universidad de Málaga, 29071 Málaga, Spain; E-mail: rrgimenez@uma.es.
Raimundo Real, A. Márcia Barbosa, and Joseph W. Bull contributed equally to this article.
Received 26 November 2015; accepted 19 August 2016
Associate Editor: Adrian Paterson
Abstract.—Species distributions are typically represented by records of their observed occurrence at a given spatial and
temporal scale. Such records are inevitably incomplete and contingent on the spatial–temporal circumstances under which
the observations were made. Moreover, organisms may respond differently to similar environmental conditions at different
places or moments, so their distribution is, in principle, not completely predictable. We argue that this uncertainty exists,
and warrants considering species distributions as analogous to coherent quantum objects, whose distributions are better
described by a wavefunction rather than by a set of locations. We use this to extend the existing concept of “dark diversity”,
which incorporates into biodiversity metrics those species that could, but which have not yet been observed to, inhabit a
region—thereby developing the idea of “potential biodiversity”. We show how conceptualizing species’ distributions in
this way could help overcome important weaknesses in current biodiversity metrics, both in theory and by using a worked
case study of mammal distributions in Spain over the last decade. We propose that considerable theoretical advances
could eventually be gained through interdisciplinary collaboration between biogeographers and quantum physicists.
[Biogeography; favorability; physics; predictability; probability; species occurrence; uncertainty; wavefunction.]
UNCERTAINTY IN SPECIES DISTRIBUTION MODELS
Biogeography is an essential part of systematic
biology, constituting the study of the distribution of
living beings in space and time, and the processes
that drive that distribution (Lomolino et al. 2006).
Species distribution data sets are composed of records
of the observed occurrence of species at speciﬁc
locations and times, which are a subset of the locations
belonging to the distribution and vary with time.
Biogeography thus has to deal with the problem of
abstracting and representing a continuous and varying
species distribution from an incomplete and ﬁxed set
of records (Hengeveld 1992). As is the case in other
scientiﬁc ﬁelds, a biogeographer needs to conceptualize
the observed distribution patterns and the inferred
underlying processes through the use of models—either
conceptual, mathematical, or cartographical. Here, we
propose that analogies from quantum theory in physics
may be helpful in interpreting and working with
species distribution data and, thus, in the endeavor
of modeling inherently uncertain species distributions
from observations.
A model is a simpliﬁed representation of a real-
world system, and can be used to explore how it
works or to understand and predict its behavior.
Models are typically conceptual, often consisting of
ideas or hypotheses encapsulated into mathematical
formulas. Statistical models are those based inductively
on direct observation, measurement, and extensive
data records; whereas “mechanistic” models are those
derived deductively from an understanding of the
behavior of a system’s components. Both are valid, but
of greater or lesser utility under different circumstances.
All other things being equal, however, mechanistic
models should be more “powerful”, as they tell us about
the underlying processes driving the observed patterns,
and are more likely to work correctly when extrapolated
beyond observed conditions (Bolker 2008).
Models are widely applied to social, biological,
and ecological sciences, where the urgent need for
improved mechanistic models has been recognized
(Purves et al. 2013)—for example, for the study and
prediction of species geographical distributions. An
entire ﬁeld has ﬂourished around species distribution
models (SDMs) and the related concepts of ecological
niche models, habitat suitability models, or bioclimatic
envelope models (Guisan and Zimmermann 2000;
Peterson et al. 2011). Most such models use known or
inferred relationships between species occurrence and
environmental variables to explain or predict where
the individuals belonging to a species should occur.
SDMs are biogeographical models now widely used in
macro-ecology, evolutionary biology, conservation and
management, serving numerous important purposes
(see e.g., Jiménez-Valverde and Lobo 2007, for a brief
review). Their applications in systematics include the
study of species distributions, the detection and location
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of sympatry, parapatry and diversiﬁcation areas, and
the inference of hybrid zones and of splits between
taxa (Swenson 2006; Martínez-Freiría et al. 2008, 2009;
Gutiérrez-Rodríguez et al. 2016). We point out that
biodiversity is hierarchical, and it is often relevant to
study the geographic distribution and local richness of
sub-speciﬁc (e.g., within-species lineages, haplotypes,
genetic variants) or supra-speciﬁc entities (e.g., genera,
families, clades inaphylogenetic tree).Wegenerally refer
to “species” throughout this article for simplicity, but
models can be applied to any entity (taxonomic or not)
whose distribution or diversity can be studied.
SDMs are also often categorized as being either
mechanistic or statistical models (Guisan and
Zimmermann 2000). Mechanistic SDMs are based
on hypothetical cause–effect relationships and,
consequently, require knowledge about species’ life
histories: they use variables that, according to existing
theory or to experimental results, have a direct effect
on a species’ survival. They result from a “bottom-up”
reductionist understanding of distributions,which lacks
the complementary “top-down” holistic understanding
typical of biogeography. While they are generally
considered more ecologically meaningful (Bolker 2008),
mechanistic SDMs are impractical or even unfeasible
for most species and geographical regions: we cannot
perform physiological experiments or gather sufﬁcient
ecological knowledge but for very few species or
populations of interest (Guisan andZimmermann 2000).
Developers of mechanistic SDMs are also susceptible
to being misled by unusual patterns in the data (Bolker
2008), and these models usually perform less well
than statistical SDMs at predicting species occurrence
(Hilborn and Mangel 1997; Guisan and Zimmermann
2000). Statistical models, on the other hand, are based
on observed correlations between a species distribution
and variables that do not necessarily have a direct effect
on the individuals, but may be related to broad-scale
patterns of the species distribution and help to predict
where the species is most likely to occur (Hilborn and
Mangel 1997; Guisan and Zimmermann 2000). Overall,
both reductionist and holistic views may be seen as
contributing to the observed pattern. However, one
element that mechanistic and statistical models usually
share is a deterministic view of ecosystems—that is, it is
assumed that truly intrinsic uncertainty (as opposed to
a lack of knowledge on the part of the observer) does not
actually exist in ecological systems (Regan et al. 2002).
Deterministic versus Nondeterministic SDMs
Conversely,weargue that SDMsmightperformpoorly
not only due to our incomplete knowledge as to what
governs species occurrence, or to a lack of ability to
compute all the relevant interactions between different
biotic and abiotic factors within an ecosystem, but
also because biological systems fundamentally do not
work in an entirely deterministic and predictable way.
A deterministic system is one in which every event
is involved in a ﬁxed cause–effect relationship. So, in
principle, if everything is known about the initial state
of the system and the processes that drive it, any future
state of the system can be accurately predicted. A non-
deterministic system is one in which even complete
knowledge about the system does not enable the future
state of the system to be predictedwith certainty. That is,
the system is characterized by a certain level of intrinsic
uncertainty, or “inherent randomness” as labeled by
Regan et al. (2002).
Contemporary physics holds that the physical
universe is essentially non-deterministic (Davies and
Betts 1994). As mentioned, ecologists often assume
that this intrinsic non-determinism does not apply
to organisms (Regan et al. 2002). However, there is
emerging evidence that organisms rely upon quantum
phenomena for a variety of biological and ecological
processes (Ball 2011; Rodríguez et al. 2015a, 2015b).
Sincebiological organismspossess adegree of autonomy
from the environment, and in relying upon quantum
processes may respond inconsistently to the same
environmental conditions, then it should perhaps be
assumed that individual organisms behave, to at least
some extent, unpredictably.
In turn, this implies that a degree of inherent non-
determinism may be inevitable in species distributions.
Classical determinism is consequently not the most
adequate framework for conceptualizing SDMs, and
a framework that incorporates uncertainty is more
appropriate, both conceptually and practically. In
fact, recent literature has proposed the use of tools
from quantum theory in modeling and understanding
ecological dynamics (Bull 2015; Rodríguez et al. 2015a,
2015b). Building upon these proposals, and given that
quantum theory provides a well-developed framework
for modeling nondeterministic systems, we explore in
this article the idea of building SDMs using concepts
found in quantum theory.
SDMS AS ANALOGOUS TO QUANTUM PARTICLE
WAVEFUNCTIONS
In quantum mechanics, any object (such as a particle)
is characterized by its “wavefunction”. Until the object
is directly observed (i.e., measured), it cannot be said
to have a deﬁnite location in space or time, but instead
can be considered to have a probability of existing at a
number of locations simultaneously, as described by the
wavefunction. Coherent quantum objects interact based
upon theirwavefunctions rather thandirectly upon their
probabilities of occurrence. It is the squared amplitude
of the positional wavefunction at a given location that
gives the probability of the object being observed to
occur at that point in space. Once the object is actually
physically observed, the wavefunction “collapses” in a
process that is not yet fully understood, and the object
can then temporarily only be found in that known single
location (in quantum theory, the object has become
“decoherent”; Zurek 1991). Over time, if not measured
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again, the object becomes coherent, and its exact location
is again uncertain.
Under our premise that the organisms composing
a species do not move and distribute in an entirely
deterministic manner, it cannot be known with certainty
where they will occur: their geographical distribution
can be better thought of as a spatial probability of
occurrence that derives from a related underlying
driving function. In this way, the geographical
distribution couldbemodeledanalogously to aparticle’s
probability of occurrence in quantum mechanics. In
fact, there is a precedent for this in the literature:
the favorability function (Real et al. 2006), which
represents potential for observation and may therefore
be considered analogous to a wavefunction. The
favorability function removes the effect of prevalence
(i.e., the proportion of observed presences) from
probabilities obtained using any mathematical method,
thus enabling direct quantitative comparisons between
predictions for different species. The idea of favorability
was included in Laplace’s (1825) deﬁnition of probability
as the ratio of the number of favorable cases for
the occurrence of an event to the whole number of
possible cases. If all cases were totally favorable or
unfavorable, then this ratio would depend only on
the prevalence of the event. However, different cases
may differ in favorability, and favorability may take
continuous values that can be constrained to range
asymptotically between 0 and 1. If this continuous and
gradual value is applied to the status of a location
as favorable or unfavorable for the occurrence of a
species, then a quality of the locations emerges which
is termed favorability. Thus, the probability of a species
occurring under certain conditions combines the general
prevalence of the species and the local favorability for
that species occurring under those particular conditions.
If probability is a function of favorability andprevalence,
then favorability is also a function of probability and
prevalence. Favorability for the occurrence of a species
can be obtained with the formula:
F=
P
(1−P)
n1
n0 + P(1−P)
, (1)
where F is the favorability for species occurrence,P is the
probability value obtained according to any modeling
method that yields probability of occurrence, and n1 and
n0 are the numbers of modeled presences and absences,
respectively.
Althoughbothprobability and favorability range from
0 to 1, they differ in a fundamental aspect. Probability
of a species occurrence in a location is affected both
by the overall prevalence of the species and by the
degree to which the conditions of that speciﬁc location
make the occurrence of the species more or less likely.
Favorability is precisely this second part. If a given
location is favorable, then P at that location is higher
than can be attributed to the general prevalence of
the species alone. Conversely, a high probability of
occurrence can arise in conditions of low favorability if
overall prevalence is high. P and F represent different
philosophical concepts, logical systems (crisp and fuzzy
logic, respectively), and mathematical domains—and
yield different, although many times complementary,
outcomes. The favorability function describes local
favorability for species occurrence in all localities in a
manner that is independent of the prevalence of the
species, and is the fundamental driver of the species
distribution from which observed distribution data
derive. We therefore consider it as being analogous to
a particle wavefunction.
To make a second analogy between favorability
and wavefunctions, Acevedo and Real (2012) showed
that it is the interaction between favorabilities, rather
than between occurrence probabilities, that enables
the combination of SDMs when several species are
involved. Likewise, the interaction between quantum
objects is based on their wavefunctions rather than on
the respective probabilities of the objects being observed
to occur.
As a third analogy, and deriving from Equation (1),
the probability of a species being observed to occur at a
speciﬁc location is a function of the favorability at that
location:
P=n1F/(n0+F(n1−n0)), (2)
where P is the probability of occurrence, F the
favorability for occurrence, n1 the number of presence
records, andn0 thenumberof absence records.Note that,
for any species that we know to have existed (i.e., that
has been observed at least once), n1 is at least one and
so F is always greater than zero (Real et al. 2006), so P is
also always greater than zero. This idea—that a species
always has a non-zero probability of being observed, no
matter how small—is actually rather a good reﬂection
of reality. Even highly charismatic species thought to
be extinct have been known to re-appear in their home
range some time later (e.g., Fitzpatrick et al. 2005).
This view also reﬂects species distributions better
than a static understanding of observations. No map of
observed distribution can claim to completely represent
a species’ distribution, but only a series of observations
resulting from the true distribution of the species
(Barbosa et al. 2013b). First, a species distribution
is dynamic rather than static: even for sedentary
organisms such as plants or corals, the geographical
distribution changes with time over multiple spatial
scales. Differences between mobile and sedentary
organisms in this regard are quantitative rather than
qualitative. A species distribution range is an expression
of its continuous (and changing) range of responses
to varying environmental conditions (Hengeveld 1992).
Second, and consequently, at any given point in time,
a species covers a set of locations simultaneously with
differing intensity, while the exact place where we ﬁnd
each individual depends on the exact moment when
we observe it. Even if the species distribution records
are gathered along a period of several years, as is often
the case (e.g., Palomo and Gisbert 2002), the recorded
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FIGURE 1. Distribution records (black dots) of the European rabbit
(Oryctolagus cuniculus) on UTM 10 km×10 km squares of mainland
Spain (Palomo and Gisbert 2002), and environmental favorability
(increasing from white to black) based on a distribution model (Real
et al. 2009). Occurrence records are analogous to a classical view of
the species distribution, while favorability is analogous to a quantum
mechanical (wavefunction) view of the species distribution.
distribution is merely a snapshot of the locations of the
organisms at the moments when they were observed
(e.g., the black dots in Fig. 1). Different locations would
be obtained if observations were made at different
moments. It could thus be argued that, conceptually,
a species is present with differing intensity over the
whole area covered by the home range of its constituent
individuals, as the whole area holds a non-negligible
degree of favorability for the species presence (e.g., the
gray areas in Fig. 1).
In quantum theory, an experimental observation
implies the interaction between a means of taking
measurement (e.g., a photon that is bounced off an
elementary particle) and the particle being observed,
which alters the trajectory of the particle itself. As a
result, any observation affects the properties that are
being observed. Analogously, we can conceptualize
the observation of species distributions in the ﬁeld
as producing a “change” in the perceived current
distribution of that species. When we observe, we are
detected by animals that, as a result, change course
or move somewhere else, we move propagules when
touching organisms for identiﬁcation, or we modify
the environment to make the localities physically
reachable, so fundamentally altering the distribution
we are observing. Note: we are not claiming here that
observing an individual organism physically changes
its state in the manner of Schrödinger’s cat, but rather
making an analogy.
This analogy with quantum theory allows us to go
further: it could be said that there is some, albeit often
negligible, degree of favorability beyond the home range
for any species. This would mean that there is, in
principle, a small but non-zero probability of observing
a species anywhere outsidewhat is considered tobe their
range. In fact, one could argue that the probability of an
individual (at any life stage) of any one species being
found anywhere within the global biosphere is never
exactly zero. Again, we would contend that this reﬂects
reality—certainly in relation to biological phenomena
such as propagule dispersal and vagrancy (e.g., Gilroy
and Lees 2003).
So, the distribution of any species may be better
described, rather than by observed occurrence records,
by a favorability model such as the one represented
in gray scale in Fig. 1, which indicates how likely the
species is to be found at each locality (based on how
favorable the conditions are for it being there) each
time that we observe. Favorability is analogous to the
“wavefunction” for each species, which describes the
dynamic behavior of the distribution. As in quantum
mechanics, favorability potentially provides “complete
information” about a species (complete information
about a particle’s location meaning not only where it
is, but the wavefunction that describes everywhere it
could be, and how likely it is to be there). Similarly,
the complete information about a species distribution
is not where it has been observed, but the locations
where it has a greater or lesser potential to be observed.
The favorability for the species occurrence at different
locations is thus closer to the true species distribution,
as it represents the “complete information” about the
species potential presence, provided that the model has
succeeded in capturing the relevant correlates of the
species distribution.
Favorability may be derived from either a statistical or
mechanistic model, depending on how the probability
values are obtained. However, if we take into account
that, in quantum mechanics, probabilities can be
described only as a statistical distribution andonlywhen
the experiment or observation is repeated many times,
the difference between mechanistic and statistical SDMs
gets blurred, and statistical models may approximate to
(quantum)mechanisticmodels given sufﬁcient numbers
of observations.
However, some differences between species
distributions and quantum wavefunctions are also
patent, as the species is composed of many individuals
while the particle is one, and the macroscopic and
microscopic domains, respectively, of the phenomena
involved render them different. In addition, and
contrary to wave functions, favorability for occurrence
depends on the speciﬁc environmental conditions and
the history of the species. This is why the favorability
function should not be of the kind applied customarily
to quantum subatomic particles, but related to the
probability of species occurrence, more in line with the
concepts used is species distribution modeling or, more
generally, in biogeography.
A Note: Quantum Phenomena in Living Things
Note, importantly, that the previous arguments do
not require that living organisms themselves be treated
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as quantum objects; indeed, no organism has been
observed to demonstrate quantum behavior as a whole
object (Romero-Isart et al. 2010; Bull and Gordon 2015;
Li and Yin 2015; although see Rodríguez et al. 2015b).
However, quantumphenomena are important in various
biological and ecological processes (Ball 2011), including
photosynthesis (Engel et al. 2007; Mohseni et al. 2008;
Sarovar et al. 2010), magneto-reception (Ahmad et al.
2007; Gegear et al. 2008; Keary et al. 2009; Gauger
et al. 2011), animal behavior (Aerts et al. 2014; Holland
2014), natural selection (Lloyd 2009), ecology and
evolution (Rodríguez et al. 2015a, 2015b and references
therein). It is thus not entirely surprising that larger-
scale relationships between species distributions and
the environment might also be understood within a
framework that is analogous to quantum physics. In any
case, herewe are arguing for using the quantum analogy
as a heuristic concept with the consequent heuristic
tools (sensu Bull 2015). We do not provide the homolog
mathematical tools to quantum-mechanically deal with
species distributions, but rather propose that such a
framework could apply and improve the way in which
SDMs are built and evaluated in future work.
DARK DIVERSITY AND THE GEOMETRIC MEAN OF
FAVORABILITIES
We next provide one example of how treating species
distributions using favorability values may result in an
improvement on existing biodiversity metrics. Indices
based on favorability, linked above to quantum theory,
serve to illustrate the potential usefulness of our
proposals, showing them to be not only philosophical,
but also practical.
“Biodiversity” is the “sum total of all biotic variation
fromthe level ofgenes toecosystems” (Purvis andHector
2000) and is a fundamental concept in ecology and
evolution. However, there is no one universally agreed
unit or conceptual framework that can satisfactorily
express the total biodiversity contained within a system
(Purvis and Hector 2000). The subject of effective
biodiversity metrics is one of intense research interest
(Buckland et al. 2005). The majority of current metrics
are based on the variability observed within a volume
of space.
Potential Biodiversity
Asmentioned, the use of SDMsbased on a favorability
function is loosely analogous to the use ofwavefunctions
to model particles in quantum mechanics, and yields
non-zero probabilities of species appearance even
outside their home range (e.g., vagrants). A recent
development in the biodiversity literature that is related
to this notion is the concept of “dark diversity”.
The original proposal was that conservation scientists
consider not only the observed local diversity of
an ecological community, but also the set of absent
species “that can potentially inhabit those particular
ecological conditions”, the latter set constituting the
“dark diversity” of the community (Pärtel et al. 2011).
This concept was further developed (Mokany and Paini
2011) with the suggestion that the contribution of each
species i to a region’s biodiversity should be weighted
by the species’ probability Pij of inhabiting the location
j. The dark diversity would then be calculated from the
ratio of the summed probabilities of species not present
in the community in question, and all species present in
the wider region =∑Pij(not in)/
∑
Pij (all). This metric
thus goes beyond a measure of the presence/absence of
species, and considers those species that are not present
but have the potential to be. Emerging research has
explored whether dark diversity can be measured in
practice (Lewis et al. 2016). By calculating dark diversity
for a set of points across a given region, onewould obtain
a “dark SDM”, which might be just as important for
conservation as an SDM based on known occurrences.
Dark diversity, sensu Pärtel et al. (2011), essentially
captures the set of species that for some reason have
not been observed to occur in what otherwise might
be considered a favorable location for those species.
Species can be absent, for example, from a favorable
patch within a metapopulation due to a local (possibly
temporary) extinction (Levins 1969), but this unoccupied
favorable patch may play a key role in the survival of
thewholemetapopulation (Hanski andSimberloff 1997).
Considering all the areas that are favorable for different
species is necessary when using models to deﬁne
important areas for conservation (Estrada et al. 2008),
or when combining models of ecologically interacting
species (Real et al. 2009; Acevedo et al. 2010).
In keepingwith the perspective expressed throughout
this article, these concepts can be taken a step
further. Instead of making a distinction between
observed diversity and dark diversity, all species can be
understood in terms of the probability that they will be
found in each region, whether or not they have been
observed. This probability can be treated as a function
of the favorability of the region for each species and
other factors, and the summed favorabilities may be
considered the “potential biodiversity” of the region.
Individuals representing any species would then not be
assumed to be inside a region or otherwise; rather, they
would be treated as having some relative likelihood of
occurring within the region.
One result of treating species this way would be
that metrics originally developed to measure dark
diversity—that is, species potentially but not actually
present in a region—(Mokany and Paini 2011) could
be applied to biodiversity as a whole. That is, the
biodiversity of a volume of space would be a composite
favorability function for the different species that
might occur there, rather than a measure of the
observed set of species: that is, analogous to a quantum
mechanical treatment of particles in a volume of space.
In practice, it is already becoming common in ecology
and biogeography to work with probability functions of
species presence rather than observed distributions or
abundances (Guisan and Zimmermann 2000; Jiménez-
Valverde and Lobo 2007; Guarino et al. 2012), as this is,
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for example, a betterwayofdealingwith source-sink and
metapopulation dynamics (Pulliam 1988; Muñoz et al.
2005). Estrada et al. (2008, 2011) and Fa et al. (2014) used
the accumulated favorability for a group of species as
a surrogate of biodiversity to identify priority areas for
conservation, and Fa et al. (2015) used the same notion
to relate the sustainability of bushmeat hunting with
human nutrition in Central Africa.
The Geometric Mean of Favorabilities
One application of measuring the biodiversity of
a region or volume of space is to monitor trends
for the purposes of conservation. A key metric
in modern conservation is the geometric mean of
species abundances, but this metric has two important
limitations (Buckland et al. 2011; see below). The metric
devised for dark diversity can be extended for all species
in a region to form what is essentially a geometric
mean of probabilities rather than abundances, and
thus overcome these limitations. While a probabilistic
treatment of species does not equate to a quantum
mechanical treatment of species—since the probability
of occurrence is only related to, and not equivalent to, a
quantum wavefunction—the favorability for occurrence
does. Therefore, we propose the use of a geometricmean
of favorabilities as a general biodiversity metric.
In Mokany and Paini (2011) the quantity
∑
Pij(all) is
deﬁned: that is, the combination of probabilities that
each species i will be in the region j. We adapt this
deﬁnition by ﬁrst specifying the ﬁnite series
∑N
i=1FiV(t),
where FiV(t) is the favorability for the presence of species
i in avolumeof spaceV at time t, and there are a total ofN
species forwhichvolumeVhas anydegreeof favorability
at that time. If this sum were normalized to a value
between 0 and 1, it would be comparable for different
volumes of space; this could be achieved by including a
factor (1/N), that is, (1/N)∗∑Ni=1FiV(t), a value which
is the arithmetic mean of species’ favorabilities. If the
natural logarithmof favorabilities is taken and the sum is
placed in the exponential, then this becomes a geometric
mean of favorabilities (Buckland et al. 2005):
BV(t)=exp{(1/N)∗
N∑
i=1
ln[FiV(t)]}. (3)
In order to consider a change in this quantity with
time, it is necessary to calculate the change in the
favorability function summed across all species. For a
period t1−t2, this could be expressed as the increment
in the geometric mean of favorabilities:
BV(t1−t2)=exp{(1/N)∗
N∑
i=1
ln[FiV(t1)/FiV(t2)]}. (4)
The geometric mean of relative species abundances is
increasingly used to examine trends in biodiversity and
has numerous advantages over other metrics (Buckland
et al. 2011). However, abundance records are available
only for restricted regions and species pools. More
importantly, this measure has the major limitations that:
(i) it cannot be calculated if any of the relative abundance
estimates is zero; and (ii) it is too highly sensitive to
species that are recorded so rarely as to be characterized
by dramatic changes in observed abundance (Buckland
et al. 2011). Crucially, by applying the geometric mean
to favorabilities (Equation (3)) as opposed to observed
abundances, based on the conceptual treatment we have
discussed through this article, these two limitations are
overcome. In the case of limitation (i): there is never
in principle a favorability of zero for a species to be
observed in a region, however unlikely it may be. In the
case of limitation (ii): the favorability for the occurrence
of a rarely recorded species is likely to change far more
gradually over space or time than its observed abundance,
say, during annual surveys, as abundance is positively
related with favorability (e.g., Real et al. 2009; Guarino
et al. 2012), but with a triangular ﬁt with increased
abundance range at higher favorability values (Muñoz
et al. 2015). In addition, unlike abundance, favorability
can be obtained for any species with reasonably good
data on its occurrence and the relevant environmental
parameters.
A Worked Case Study with Known Species
As a case study, we analyzed the distributions of 63
terrestrial non-ﬂying mammals of Spain at two different
times, based on an atlas from the beginning of the
century (Palomo and Gisbert 2002) and on the current
database of the Spanish Ministry of Agriculture, Food
and the Environment (downloaded 26 July 2015 from
http://www.magrama.gob.es/es/biodiversidad/temas/
inventarios-nacionales/inventario-especies-terrestres/
inventario-nacional-de-biodiversidad/bdn-ieet-default.
aspx). Environmental favorability for each species
was obtained with methods and variables described
previously (Barbosa et al. 2009; Real et al. 2009; Barbosa
and Real 2010), using the same set of predictors for both
distribution data sets. Analyses were performed with
package fuzzySim (Barbosa 2015), under the R statistical
environment (R Core Team 2014). We calculated the
geometric mean of favorabilities (Equation (3)) and
its increment (Equation (4)) with the R functions
provided in Online Appendix 1, available on Dryad at
http://dx.doi.org/10.5061/dryad.gn6qb.
Both the sum and the geometric mean of favorabilities
were greater than 0 at all locations, and varied more
gradually in space than recorded species richness (Figs. 2
and 3). In addition, these measures showed different
overall patterns, with species richness showing more
spatially irregular “peaks”, not all of which are matched
by similar peaks in favorability (e.g., at protected areas
such as Picos de Europa, in central-northern, and Sierra
de Gredos, in central-western Spain, Fig. 2). Many such
peaks are likely to reﬂect survey bias, a methodological
artifact known to widely affect biodiversity records
(e.g., Barbosa et al. 2013a). In our study, species
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FIGURE 2. Species richness, and the sum and geometric mean of favorabilities, for Spanish terrestrial mammals recorded in the distribution
atlas of Palomo and Gisbert (2002) and in the national database of 2015. North is up, and grid squares measure 10 km2.
richness was indeed strongly correlated with the
number of records (including repeated species) per
UTM cell, which are a proxy for survey effort (Barbosa
et al. 2010; Fontaneto et al. 2012): Spearman’s non-
parametric correlation, Rho=0.93 in 2002, Rho=0.91
in 2015 (P<<0.001). Conversely, the geometric mean
of favorabilities was visibly less correlated with
survey effort (Fig. 2; Rho=0.42 in 2002, Rho=0.32 in
2015), suggesting that favorability could also help to
minimize (albeit not completely eliminate) survey bias in
biodiversity analyses. In a similar way, favorability may
help to minimize other methodological artifacts such as
errors in the location or identiﬁcation of species records
(Barbosa 2015). The change in species richness from
2002 to 2015 was concentrated in the Spanish region of
Extremadura in central-western Spain (Fig. 3a), probably
due to the availability of new data from this particular
region (Palomo and Gisbert 2002), while the increase in
the geometric mean of favorabilities was more spread
throughout the southern half of Spain (Fig. 3b).
CONCLUSION
An analogy means that a similarity exists in some
respects between things that are otherwise dissimilar.
Species distributions involve the presence of many
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FIGURE 3. Change in species richness (a) and in geometric mean
of favorability (b) for Spanish terrestrial mammals in 2015 relative to
those based on the distribution atlas of 2002. North is up, and grid
squares measure 10 km2.
individuals simultaneously in many and varying places,
and it is the observer, when interacting with the species,
who provides the speciﬁc spatial and temporal data
to the observed distribution. This potentially justiﬁes
considering an individual belonging to a species as
analogous to a quantum particle, and the favorability
for species presence as reasonably analogous to thewave
function of the particle.
The differences between species and particles are
clearly important, making our comparison conceptual
rather than actual, and themacroscopic andmicroscopic
domains (respectively) of these two objects render
them different. This is why the favorability function
is not of the kind applied customarily to quantum
subatomic particles, but related to the probability of
species occurrence, more in line with the concepts and
models used in biogeography. In our view, we are
showing that using concepts derived from quantum
mechanics is justiﬁed, reasonable anduseful to approach
species distributionmodeling,while the actual formulae
and models used should remain ﬁrmly rooted in
biogeographical modeling.
Quantum physics and biogeography are two very
different ﬁelds of science. However, we are at the
early stages of a potential conversation between them
and, although the analogies may not yet be perfect,
there is reason to think that considering them may be
useful, and may open up new ways of exploring and
making sense of biodiversity data. We suggest that an
integration of the two ﬁelds, with collaboration and
methodological exchange between quantum physicists
andbiogeographicalmodelers, cansigniﬁcantly improve
the understanding, prediction, and the evaluation of
the prediction of species distributions and biodiversity
trends, both of which are current pressing issues in
ecology and biogeography. Quantum biogeography and
its implications are not only interesting for theoretical
advances in evolutionary and conservation biology, but
may also provide more powerful tools for the study,
management, and conservation of species in a rapidly
changing and highly uncertain world.
SUPPLEMENTARY MATERIAL
Data available from the Dryad Digital Repository:
http://dx.doi.org/10.5061/dryad.gn6qb.
FUNDING
This work was supported by the FCT (Portugal)
and FEDER/COMPETE 2020 through contract
(IF/00266/2013), exploratory project CP1168/CT0001,
and funds POCI-01-0145-FEDER-006821 to unit
UID/BIA/50027 [to A.M.B.]; the European Commission
through a Marie Skłodowska-Curie Fellowship with
the University of Copenhagen [to J.W.B.]; the Danish
National Research Foundation for funding for the
Center for Macroecology, Evolution and Climate
[grant number DNRF96 to J.W.B.]; the Spanish
Ministry of Agriculture, Food and Environment,
Spanish National Park’s Network, project 1098/2014
and from the Integrated Program of IC&DT
(1/SAESCTN/ALENT-07-0224-FEDER-001755).
ACKNOWLEDGMENTS
The authors thank the Spanish mammal society
(SECEM) and the collaborators that provided species
occurrence records. They also thank Prof Frank
Anderson, Dr Adrian Paterson and four anonymous
reviewers for insightful comments that helped improve
the original manuscript.
REFERENCES
Acevedo P., Real R. 2012. Favourability: concept, distinctive
characteristics and potential usefulness. Naturwissenschaften
99:515–522.
Acevedo P., Ward A.I., Real R., Smith G.C. 2010. Assessing
biogeographical relationships of ecologically related species using
favourability functions: a case study on British deer. Divers. Distrib.
16:515–528.
 by guest on O
ctober 10, 2016
http://sysbio.oxfordjournals.org/
D
ow
nloaded from
 
[10:46 3/10/2016 Sysbio-syw072.tex] Page: 9 1–10
2016 POINT OF VIEW 9
Aerts D., Broekaert J., Czachor M., Kuna M., Sinervo B., Sozzo S. 2014.
Quantum structure in competing lizard communities. Ecol. Model.
281:38–51.
Ahmad M., Galland P., Ritz T., Wiltschko R., Wiltschko W. 2007.
Magnetic intensity affects cryptochrome-dependent responses in
Arabidopsis thaliana. Planta 225:615–624.
Ball P. 2011. Physics of life: the dawn of quantum biology. Nature
474:272–274.
Barbosa A.M., Fontaneto D., Marini L., Pautasso M. 2010. Is the human
population a large-scale indicator of the species richness of ground
beetles? Anim. Conserv. 13:432–441.
Barbosa A.M., Pautasso M., Figueiredo D. 2013a. Species–people
correlations and the need to account for survey effort in biodiversity
analyses. Divers. Distrib. 19:1188–1197.
Barbosa A.M., Real R., Muñoz A.-R., Brown J.A. 2013b. New measures
for assessingmodel equilibriumandpredictionmismatch in species
distribution models. Divers. Distrib. 19:1333–1338.
Barbosa A.M., Real R., Vargas J.M. 2009. Transferability of
environmental favourability models in geographic space: the case
of the Iberian desman (Galemys pyrenaicus) in Portugal and Spain.
Ecol. Model. 220:747–754.
Barbosa A.M., Real R. 2010. Favourable areas for expansion and
reintroduction of Iberian lynx accounting for distribution trends
and genetic variation of the wild rabbit. Wildl. Biol. Pract. 6:
34–47.
BarbosaA.M. 2015. fuzzySim: applying fuzzy logic to binary similarity
indices in ecology. Methods Ecol. Evol. 6:853–858.
Bolker B.M. 2008. Ecological models and data in R. Princeton and
Oxford: Princeton University Press.
Buckland S.T., Magurran A.E., Green R.E., Fewster R.M. 2005.
Monitoring change in biodiversity through composite indices. Phil.
Trans. R. Soc. Lond. B. Biol. Sci. 360:243–254.
Buckland S.T., Studeny A.C., Magurran A.E., Illian J.B., Newson
S.E. 2011. The geometric mean of relative abundance
indices: a biodiversity measure with a difference. Ecosphere
2:art100.
Bull J.W. 2015. Quantum conservation biology: a new ecological tool.
Conserv. Lett. 8:227–229.
Bull J.W., Gordon A. 2015. Schrödinger’s microbe: implications of
coercing a living organism into a coherent quantum mechanical
state. Biol. Philos. 30:845–856.
Davies P.C.W., Betts D.S. 1994. Quantum mechanics. CRC Press.
Engel G.S., Calhoun T.R., Read E.L., Ahn T.-K., Mancal T., Cheng Y.-C.,
Blankenship R.E., Fleming G.R. 2007. Evidence for wavelike energy
transfer through quantum coherence in photosynthetic systems.
Nature 446:782–786.
Estrada A., Real R., Vargas J.M. 2008. Using crisp and fuzzy modelling
to identify favourability hotspots useful to perform gap analysis.
Biodivers. Conserv. 17:857–871.
Estrada A., Real R., Vargas J.M. 2011. Assessing coincidence between
priority conservation areas for vertebrate groups in aMediterranean
hotspot. Biol. Conserv. 144:1120–1129.
Fa J.E., Olivero J., Farfán M.Á., Márquez A.L., Vargas J.M., Real R., Nasi
R. 2014. Integrating sustainable hunting in biodiversity protection in
Central Africa: hot spots, weak spots, and strong spots. PLoS One.
9:e112367.
Fa J.E., Olivero J., Real R., Farfán M.A., Márquez A.L., Vargas J.M.,
Ziegler S., Wegmann M., Brown D., Margetts B., Nasi R. 2015.
Disentangling the relative effects of bushmeat availability onhuman
nutrition in central Africa. Sci. Rep. 5:8168.
Fitzpatrick J.W., Lammertink M., Luneau M.D., Gallagher T.W.,
Harrison B.R., Sparling G.M., Rosenberg K.V., Rohrbaugh R.W.,
Swarthout E.C.H., Wrege P.H., Swarthout S.B., Dantzker M.S.,
Charif R.A., Barksdale T.R., Remsen J.V., Simon S.D., Zollner D.
2005. Ivory-billed woodpecker (Campephilus principalis) persists in
continental North America. Science 308:1460–1462.
Fontaneto D., Barbosa A.M., Segers H., Pautasso M. 2012. The
“rotiferologist” effect and other global correlates of species richness
in monogonont rotifers. Ecography (Cop.). 35:174–182.
Gauger E.M., Rieper E., Morton J.J.L., Benjamin S.C., Vedral V. 2011.
Sustained quantum coherence and entanglement in the Avian
compass. Phys. Rev. Lett. 106:040503.
Gegear R.J., Casselman A., Waddell S., Reppert S.M. 2008.
Cryptochrome mediates light-dependent magnetosensitivity in
Drosophila. Nature 454:1014–1018.
Gilroy J.J., Lees A.C. 2003. Vagrancy theories: are autumn vagrants
really reverse migrants? Br. Birds. 96:427–438.
Guarino E.S.G., Barbosa A.M., Waechter J.L. 2012. Occurrence and
abundance models of threatened plant species: applications to
mitigate the impact of hydroelectric power dams. Ecol. Model.
230:22–33.
Guisan A., Zimmermann N.E. 2000. Predictive habitat distribution
models in ecology. Ecol. Model. 135:147–186.
Gutiérrez-Rodríguez J., BarbosaA.M.,Martínez-Solano Í. 2016. Present
and past climatic effects on the current distribution and genetic
diversity of the Iberian Spadefoot toad (Pelobates cultripes): an
integrative approach. J. Biogeogr. In press. DOI: 10.1111/jbi.12791.
Hanski I., Simberloff D. 1997. The metapopulation approach, its
history, conceptual domain, and application to conservation.
In: Hanski I.A., Gilpin M.E., editors. Metapopulation biology:
ecology, genetics and evolution. San Diego: Academic Press, Inc.
p. 5–26.
Hengeveld R. 1992. Dynamic biogeography. Cambridge: Cambridge
University Press.
Hilborn R., Mangel M. 1997. The ecological detective: confronting
models with data. Princeton, NJ: Princeton University Press.
Holland R.A. 2014. True navigation in birds: from quantum physics to
global migration. J. Zool. 293:1–15.
Jiménez-Valverde A., Lobo J.M. 2007. Threshold criteria for conversion
of probability of species presence to either—or presence—absence.
Acta Oecol. 31:361–369.
Keary N., Ruploh T., Voss J., Thalau P., Wiltschko R., Wiltschko W.,
Bischof H.-J. 2009. Oscillating magnetic ﬁeld disrupts magnetic
orientation in Zebra ﬁnches, Taeniopygia guttata. Front. Zool.
6:25.
Laplace P.S. 1825. Essai philosophique sur les probabilités. Paris:
Bachelier.
Levins R. 1969. Some demographic and genetic consequences of
environmental heterogeneity for biological control. Bull. Entomol.
Soc. Am. 15:4.
LewisR.J., deBello F., Bennett J.A., FibichP., FinertyG.E.,Götzenberger
L., Hiiesalu I., Kasari L., Lepš J.,MájekováM.,MudrákO., RiibakK.,
Ronk A., Rychtecká T., Vitová A., Pärtel M. 2016. Applying the dark
diversity concept to nature conservation. Conserv. Biol. In press.
DOI: 10.1111/cobi.12723.
Li T., Yin Z.-Q. 2015. Quantum superposition, entanglement, and state
teleportation of amicroorganismon an electromechanical oscillator.
ArXiv.
Lloyd S. 2009. A quantum of natural selection. Nat. Phys. 5:164–166.
Lomolino M.V., Riddle J.H., Brown B.R. 2006. Biogeography.
Sunderland, MA: Sinauer Associates.
Martínez-Freiría F., Santos X., Pleguezuelos J.M., Lizana M., Brito
J.C. 2009. Geographical patterns of morphological variation and
environmental correlates in contact zones: a multi-scale approach
using two Mediterranean vipers (Serpentes). J. Zool. Syst. Evol. Res.
47:357–367.
Martínez-Freiría F., Sillero N., Lizana M., Brito J.C. 2008. GIS-based
nichemodels identify environmental correlates sustaining a contact
zone between three species of European vipers. Divers. Distrib.
14:452–461.
Mohseni M., Rebentrost P., Lloyd S., Aspuru-Guzik A. 2008.
Environment-assisted quantum walks in photosynthetic energy
transfer. J. Chem. Phys. 129:174106.
Mokany K., Paini D.R. 2011. Dark diversity: adding the grey. Trends
Ecol. Evol. 26:264–265; author reply 265–266.
Muñoz A.-R., Jiménez-Valverde A., Márquez A.L., Moleón M., Real R.
2015. Environmental favourability as a cost-efﬁcient tool to estimate
carrying capacity. Divers. Distrib. 21:1388–1400.
Muñoz A.R., Real R., Barbosa A.M., Vargas J.M. 2005. Modelling the
distributionofBonelli’s eagle inSpain: implications for conservation
planning. Divers. Distrib. 11:477–486.
Palomo L.J., Gisbert J. 2002. Atlas de los mamíferos terrestres
de España. Madrid: Dirección General de Conservación de la
Naturaleza-SECEM-SECEMU.
 by guest on O
ctober 10, 2016
http://sysbio.oxfordjournals.org/
D
ow
nloaded from
 
[10:46 3/10/2016 Sysbio-syw072.tex] Page: 10 1–10
10 SYSTEMATIC BIOLOGY
Pärtel M., Szava-Kovats R., Zobel M. 2011. Dark diversity: shedding
light on absent species. Trends Ecol. Evol. 26:124–128.
Peterson A.T., Soberón J., Pearson R.G., Anderson R.P., Martínez-
Meyer E., Nakamura M., Araújo M.B. 2011. Ecological niches
and geographic distributions. Princeton and Oxford: University
Press.
PulliamH.R. 1988. Sources, sinks, andpopulation regulation.Am.Nat.
132:652–661.
Purves D., Scharlemann J., Harfoot M., Newbold T., Tittensor D.P.,
Hutton J., Emmott S. 2013. Ecosystems: time to model all life on
Earth. Nature 493:295–297.
Purvis A., Hector A. 2000. Getting the measure of biodiversity. Nature
405:212–219.
R Core Team. 2014. R: a language and environment for statistical
computing. R Foundation for Statistical Computing, Vienna,
Austria. URL http://www.R-project.org/.
Real R., Barbosa A.M., Rodríguez A., García F.J., Vargas J.M., Palomo
L.J., Delibes M. 2009. Conservation biogeography of ecologically
interacting species: the case of the Iberian lynx and the European
rabbit. Divers. Distrib. 15:390–400.
Real R., Barbosa A.M., Vargas J.M. 2006. Obtaining environmental
favourability functions from logistic regression. Environ. Ecol. Stat.
13:237–245.
Regan H.M., Colyvan M., Burgman M.A. 2002. A taxonomy and
treatment of uncertainty for ecology and conservation biology. Ecol.
Appl. 12:618–628.
Rodríguez R.A., Herrera A.M., Riera R., Escudero C.G., Delgado J.D.
2015a.Empirical clues about the fulﬁllmentof quantumprinciples in
ecology: potential meaning and theoretical challenges. Ecol. Model.
301:90–97.
Rodríguez R.A., Herrera A.M., Riera R., Santander J., Miranda J.V.,
Quirós Á., Fernández-Rodríguez M.J., Fernández-Palacios J.M.,
Otto R., Escudero C.G., Jiménez-Rodríguez A., Navarro-Cerrillo
R.M., Perdomo M.E., Delgado J.D. 2015b. Distribution of species
diversity values: a link between classical and quantum mechanics
in ecology. Ecol. Model. 313:162–180.
Romero-Isart O., Juan M.L., Quidant R., Cirac J.I. 2010. Toward
quantum superposition of living organisms.New J. Phys. 12:033015.
Sarovar M., Ishizaki A., Fleming G.R., Whaley K.B. 2010. Quantum
entanglement in photosynthetic light-harvesting complexes. Nat.
Phys. 6:462–467.
Swenson N.G. 2006. GIS-based niche models reveal unifying climatic
mechanisms that maintain the location of avian hybrid zones in a
North American suture zone. J. Evol. Biol. Biol. 19:717–725.
Zurek W.H. 1991. Decoherence and the transition from quantum to
classical. Phys. Today. 44:36–44.
 by guest on O
ctober 10, 2016
http://sysbio.oxfordjournals.org/
D
ow
nloaded from
 
